Abstract The societal impacts of flash floods are more significant than any other weather-related hazard. They are often manifested in the form of damage to infrastructure, flooding of roadways and bridges, creating deadly hazards to motorists and inundation of crops and pasture. Some of these hazards can be anticipated and thus mitigated given effective warning systems. This study describes the tools proposed over recent decades in the USA to predict flash flooding and evaluates them using a common observational data set. Design recommendations for flash-flood forecasting systems are provided, taking into account today's availability of high-resolution rainfall data at scales commensurate with flash flooding, their archives, spatial data sets to describe physiographic properties, and ever-increasing computational resources.
INTRODUCTION
A flash flood is a rapid flooding of water over a landscape resulting from heavy rainfall or a sudden release of impounded water from a logjam or dam (Hong et al. 2010) . Flash flooding is a type of fluvial flood that is distinguished by the quick time-scale of runoff response, generally within minutes up to several hours from the causative rainfall. These short time-scales correspond to basin catchment areas as small as 5-10 km 2 (Collier 2007) up to generally less than a few hundred square kilometres (Georgakakos and Hudlow 1984) . While societal impacts can be severe in upstream catchments, observation of flash floods by streamgauges is not prevalent (Ruin et al. 2008 , Gruntfest 2009 ). Gourley et al. (2010) introduced a flash flood data collection approach based on witness reports from the public, and there have been recent advances in non-contact methods of stream gauging using radars and particle image velocimetry (Creutin et al. 2003 , Costa et al. 2006 . Nevertheless, long-term, high-resolution databases of observed flash floods over vast continental regions are deficient. However, the advent of weather radar has provided a remote-sensing capability to estimate rainfall rates at resolutions as high as 5 min and 1 km 2 in real time over entire continents, such as the National Mosaic and Quantitative Precipitation Estimation System (NMQ; http://nmq.ou.edu) in the USA. The high resolution of radar rainfall estimates comes with an assortment of errors, including electronic miscalibration of the radar signal, contamination from non-weather scatterers, poor low-level coverage in complex terrain, inflated reflectivity caused by melting hydrometeors and non-uniqueness of reflectivity-to-rainfall relationships due to drop-size distribution variability (see summary in Krajewski et al. (2010) ). Algorithmic methods are continually being developed to quantify and reduce these uncertainties, and technological advances from polarimetric radar have demonstrated more accurate rainfall rates (Ryzhkov et al. 2005) . As a result, a number of flashflood forecasting methodologies based on radar rainfall estimates have emerged in recent decades. Georgakakos (1986) described the necessary components for designing a flash-flood warning system. Of these recommendations, improvements in the accuracy and resolution of rainfall observations, numerical weather predictions and hydrological model outputs have been achieved in the last 25 years; yet, several of the objectives highlighted have only been partially met. Specifically, the ability to provide accurate quantitative precipitation forecasts (QPFs) at the site-specific basin level based on meteorological conditions has yet to be proven as effective. Methods of radar data assimilation into ensemble forecast systems have increased their worth, but present-day QPFs for operational flash-flood monitoring and prediction must rely on radar observations and quantitative precipitation estimation (QPE)-QPF blending techniques; the interested reader is referred to Collier (2007) for an overview. Hydrological model outputs have historically had only modest impact at the flash flood scale, primarily due to their dependence on observed streamflow to adequately estimate model parameters. Streamflow observations are more common on large-scale basins, where electrical, data transmission and road access requirements for streamgauges are more easily met. The flash flood problem has been classified as a grand challenge in terms of observation of flash floods, process understanding and prediction in ungauged basins (National Weather Service 2006 , Borga et al. 2008 , Gruntfest 2009 ).
The most predominant method for operational, radar-based flash-flood prediction relies on the concept of flash-flood guidance (FFG), which is the threshold rainfall [L] over nominal accumulation periods of 1, 3 and 6 hours required to cause bankfull conditions on small streams that respond to rainfall within a few hours (Georgakakos 1986 , Sweeney 1992 . The central idea is to derive rainfall thresholds that will result in discharges that exceed bankfull conditions by running a hydrological model in "scenario mode" given initial soil moisture and stream states. These derived FFG values represent potential rainfall rates to cause bankfull conditions that are subsequently used by forecasters to monitor observed and forecast rainfall rates to determine if they exceed the thresholds. Flash-flood guidance is the basis for issuing flash flood watches and warning in several operational meteorological agencies throughout the world. In the USA, historical implementations of FFG have relied on lumped model parameters and basin-averaged rainfall inputs. Recently, there have been distributed approaches to FFG that employ spatially distributed land cover and soil characteristic maps, as well as distributed hydrological models (see e.g. Price et al. 2012) . The aim of this study is to provide an evaluation of past and present rainfall threshold methods in the USA based on the FFG concept, as well as a new approach that follows the distributed hydrological model threshold frequency (DHM-TF) approach of Reed et al. (2007) . Sensitivities of results on a variety of basins are elucidated, thus providing specific recommendations on required components to flash-flood forecasting systems.
In the next section, the procedures used to derive FFG are described. While the focus is on the original, lumped-parameter, basin-averaged rainfall method employed by the USA National Weather Service (NWS), hereafter referred to as lumped FFG (LFFG), recent developments in Europe and Central America are summarized. This section also describes the gridded FFG (GFFG) method, which derives rainfall thresholds similarly to LFFG, but at higher spatial resolution. A different concept altogether, called DHM-TF, forces a hydrological model with observed rainfall and compares the resulting simulated peak flows with historically simulated values. The study domain is described and the skill of each method is quantified and compared using a common database of streamflow observations in Section 3. A sensitivity analysis of the DHM-TF method follows in Section 4. Finally, a summary of results and recommendations for future developments concludes the paper.
DESCRIPTION OF FLASH-FLOOD PREDICTION TOOLS

Lumped flash flood guidance
There are two primary components in computing FFG: determining the runoff threshold required to cause flooding at the basin outlet and runoff calculations using a hydrological model. Some techniques also account for contribution to runoff from snowmelt. In the following discussion, emphasis is placed on the specific procedures used in the NWS to derive LFFG, which relies on lumped model parameters and basin-averaged rainfall. The FFG nomenclature hereafter applies more generally to the inverse method of deriving rainfall thresholds from hydrological models. It should be noted that different modelling components can be implemented within the general FFG framework (see e.g. Norbiato et al. 2008) . Carpenter et al. (1999) discussed several ways in which the runoff threshold-the estimated discharge to cause bankfull flow at the basin outlet-can be calculated with each method having different data requirements. In the NWS, the runoff threshold is referred to as Thresh-R [L] and is derived by dividing the estimated 2-year return period flow [L 3 /T] by the unit hydrograph peak flow [L 2 /T]. These runoff threshold values are first computed on US Geological Survey (USGS) gauged basins and then interpolated at finerresolution basins (down to 5 km 2 ) using geographic information system (GIS)-based methods (Reed et al. 2002) . The 2-year return period flows are estimated from regression equations using basin physiographic parameters derived from GIS. These values are divided by the unit hydrograph peak flow at a given location, which are computed from topographic parameters. These values are computed once offline and are considered static.
The dynamic component of LFFG derivation computes snowmelt contribution to surface runoff using the Snow-17 model and then models additional processes that affect surface water fluxes, such as vegetation, infiltration, interflow, soil water storage and evapotranspiration, using the Sacramento Soil Moisture Accounting model (SAC-SMA; Anderson 1973) . The SAC-SMA model is a lumped-parameter model that runs on basins with drainage areas of the order of 1000 km 2 . It is run under differing basinaveraged rainfall scenarios to yield curves relating rainfall accumulations at 1-, 3-and 6-h durations to runoff, given initial soil moisture and stream states. The calculations do not consider rainfall variability in space or time within the basins for the different accumulation periods. These rainfall-runoff curves are then used in reverse to look up the rainfall rates that correspond to static runoff threshold values; this is LFFG. These values are updated one to three times per day to reflect changes in soil moisture state. Forecasters then monitor radar-based rainfall accumulations in real-time, or forecast rainfall, and are alerted when the rainfall exceeds the respective LFFG values. The LFFG system is the primary decision support tool used for decades in the NWS for the issuance of flash flood warnings (Mogil et al. 1978) .
The concept of deriving rainfall thresholds from rainfall-runoff scenarios have been made more complex in recent years. Georgakakos (1987) demonstrated a technique for updating states in a real-time hydrological model coupled to a mass-conserving cloud and liquid water model using real-time streamflow observations. Georgakakos (2002) described an operational-coupled hydrometeorological modelling system in Panama, with state updating in both the precipitation and hydrological models, using observed mean areal rainfall and streamflow. Georgakakos (2006) Norbiato et al. (2008) derived FFG values in Italy and France by replacing the SAC-SMA model with the semi-distributed probability distributed model (PDM) described by Moore (1985 Moore ( , 2007 . Additional approaches to deriving guidance values at higher resolution have also emerged from river forecast centres (RFCs) in the NWS.
Despite the prevalence of the LFFG method in operational agencies for flash-flood monitoring and warning, few studies have quantified its skill. Norbiato et al. (2008) found the critical success index (CSI) associated with their FFG values was as high as 0.43 for the parent basins where the model parameters were calibrated, but degraded to 0.22 when parameters and soil moisture states were transposed to interior catchments. Gourley et al. (2012) provided the first systematic evaluation of NWS LFFG values over the Arkansas and Red river basins in south-central USA. When considering rainfall exceedence over LFFG at any grid cell within a basin, they found the best CSI of 0.19 occurred with the 3 h LFFG threshold. However, the skill improved to 0.34 when the rainfall was first spatially averaged within basins and then exceeded the 3-h LFFG rainfall threshold. These skill scores found in Europe and the USA will serve as benchmarks hereafter for evaluating new and proposed flash-flood prediction methods.
Gridded flash flood guidance
Forecasters in the NWS have remarked on the scale mismatch between the basins at which LFFG values are computed on using the SAC-SMA model (on the order of 1000 km 2 ) and the Thresh-R runoff threshold calculations on basins as small as 5 km 2 . Reed et al. (2007) also referred to an inconsistency in the basin scale at which the SAC-SMA models soil moisture and the much smaller scale of flash-flood impacts. Schmidt et al. (2007) proposed an alternative method that has been implemented operationally at several RFCs in the NWS. The general methodology follows that of LFFG in that static values of runoff threshold are first derived to estimate bankfull discharge and are subsequently used to derive rainfall thresholds that change in response to modelled soil saturation. First, a design 3-h rainfall event having a return period of 5 years is used to simulate bankfull discharge based on the Natural Resources Conservation Service (NRCS) triangular unit hydrograph method. The GFFG runoff threshold values of Schmidt et al. (2007) reflect variability in the land cover and soil type maps, as well as slope. After these values are computed once offline, the NRCS Curve Number (CN) method is used to estimate a grid cell's maximum potential storage from spatially distributed maps of land use and four hydrological soil groups. The CN values are adjusted in real time according to the degree of soil saturation in the upper zone represented by two state variables simulated with the Hydrology Laboratory Research Distributed Hydrologic Model (HL-RDHM; Koren et al. 2004) . Once the CN is found, the maximum potential retention (S) is computed as follows:
and then substituted into the NRCS equation
where R is the accumulated direct runoff [L] and P is the accumulated rainfall [L] . Values of runoff threshold are used for R in equation (2) and the equation is solved for P at 1-, 3-and 6-h accumulation periods to compute corresponding GFFG values. The nominal resolution of GFFG products is 4 km. The skill of GFFG was assessed using the same observational data sets to evaluate LFFG in Gourley et al. (2012) . In general, the skill of GFFG was slightly lower than that of LFFG according to flash-flood observations inferred from streamflow measurements and trained spotter reports collected by the NWS. However, a data set based on dense witness reports obtained directly from the public in the Severe Hazards Analysis and Verification Experiment, described in Gourley et al. (2010) , indicated that GFFG detected the spatial variability of flash flooding for an urban case study better than LFFG.
Threshold frequency approach
Following the establishment of high-resolution rainfall data sets, spatially distributed GIS maps and computational resources required to run distributed hydrological models in real time, new "forward modelling" approaches have emerged to address the flashflood prediction problem. Reed et al. (2007) demonstrated a method called the distributed hydrological model threshold frequency (DHM-TF) approach. The DHM-TF method is similar to the FFG approach in that it requires runoff threshold values at each grid cell and relies on a hydrological model for rainfallrunoff calculations. The method deviates from FFG in that it uses observed or forecast rainfall as direct forcing to a hydrological model, rather than determining the rainfall thresholds in scenario mode. One challenge with the forward modelling approach is the need for runoff threshold values at each grid point where discharge observations are generally not available. The method addresses the lack of observed streamflow by simulating discharge values retrospectively. Given an archive of gridded rainfall observations, which can be another challenge, a distributed hydrological model is run for the period of record to yield model-simulated climatologies of discharge at each grid point. Annual maximum flows are extracted from the time series and a log-Pearson Type III distribution is assumed to describe the data. A flood frequency analysis is thus used to compute flows that correspond to return periods of 1, 2, 5 years, etc. In real-time mode, the distributed hydrological model is forced with real-time, radarbased rainfall. Exceedence of simulated flows over the threshold return period flows (e.g. 2-year return period flow) is the basis for alerting on an impending flash flood; examples of this approach being used in Europe are in Thielen et al. (2009) and Price et al. (2012) .
Success of the DHM-TF is contingent on an unbiased, gridded rainfall record and a distributed hydrological model that can yield peak flows having high-rank correlations with observed peak flows, without the requirement for extensive calibration of the model parameters. In other words, rare flows need to be distinguishable from the model-simulated climatology of discharge given rainfall observations. As long as the ranked histogram from simulated runoff is accurately matched to the observed, the method can be skilful even in the presence of significant model bias. It is only the relative ranking of the simulated events that is important, rather than the actual peak discharge value itself. The outputs of the DHM-TF method are more commensurate with the scales of flash floods and can be used for warning in ungauged locations, as long as the model has forecast skill with model parameters estimated a priori and there is reliable radar coverage. One of the downfalls in this approach includes a typical lack of a sufficiently long time period of consistent, gridded rainfall archives needed to accurately perform a flood frequency analysis. This is especially problematic in arid regions. Also, the reliance on an uncalibrated model limits the usability for flood forecasting purposes under the assumption that the flows are generally unregulated. The simulation of regulated flows would require additional information about the dam operating procedures or parameterization using observed streamflow data. In general, the threshold frequency approach is not expected to yield more accurate simulations compared to those from a calibrated hydrological model.
Studies from Reed et al. (2007) and Norbiato et al. (2009) both provided some insights into DHM-TF skill with respect to FFG. Reed et al. (2007) used the HL-RDHM model at 1-h/2-km resolution and evaluated peak discharge simulations on 10 USGS stream gauging basins in eastern Oklahoma and western Arkansas, USA. They found that DHM-TF approach yielded better peak flow simulations than a method that approximated the FFG rainfall threshold approach. The skill of DHM-TF simulations deteriorated with decreasing basin size, and model parameters calibrated on parent basins and transposed to interior sub-basins improved their performance. Norbiato et al. (2009) developed a similar modelbased threshold method and evaluated the skill of flash-flood forecasts on six catchments in the central-eastern Italian Alps. Their length of record for hourly precipitation data ranged from 11 to 13 years and was based on raingauge data. They computed basin-averaged precipitation and forced the PDM model described in Moore (1985 Moore ( , 2007 . In order to increase their sample size, they evaluated model skill at predicting discharges with a 0.5-year return period. They found their DHM-TF method yielded a CSI of 0.59 for gauged basins and 0.50 for basins with transposed parameters.
STUDY DOMAIN AND INTER-COMPARISON OF RESULTS
While FFG, GFFG and DHM-TF have been developed and studied on an individual basis, the analysis in this section provides a first evaluation and intercomparison of all three methods using a common observational database. Below, we summarize the similarities and differences of the three methods for the reader's reference.
-Lumped flash flood guidance (LFFG) threshold rainfall required to cause bankfull conditions on small streams. In the following evaluation, LFFG is the version used historically in the USA NWS. The underlying rainfall-runoff model, SAC-SMA, is run with lumped parameters and under different basin-averaged rainfall scenarios given initial soil moisture and river state conditions, to determine the threshold rainfall to cause bankfull conditions. Thus, the LFFG values are the same within basins of the order of 1000 km 2 . In operational use, the LFFG values are compared to forecast or observed rainfall.
-Gridded flash flood guidance (GFFG) is also a rainfall threshold as in LFFG, but it is derived using the NRCS CN method to estimate soil maximum potential storage. The CN method relies on distributed maps of land use and soil types, and yields rainfall threshold values with variability on a 4-km cell-by-cell basis. -Distributed hydrological model threshold frequency (DHM-TF) differs from the LFFG and GFFG in that it uses observed rainfall forcing directly to a distributed hydrological model, rather than hypothetical rainfall scenarios, and simulates the hydrological response including streamflow. These streamflow values are compared to the distribution of retrospectively simulated values on a cell-by-cell basis, which are generated a priori from a long-term run using an historical archive of gridded precipitation.
Exceedence of a 2-year return period flow has been associated with bankfull conditions and is thus used as a primary threshold.
The study domain is the Arkansas-Red river basin in south-central USA. Rainfall events producing flash floods here can come from localized convective storms, land-falling tropical storms and mesoscale convective systems. There is little spatiotemporal predictability of flash flooding on an annual basis, but there is a propensity for events to occur during the warm season and in the eastern part of the domain. Average rainfall values are highest in the east, where a maximum value of 1797 mm occurs. Rainfall variability is higher in the complex terrain of the western part of the domain. Snowmelt from the Rocky Mountains contributes significantly to annual streamflow in the headwaters of the Arkansas River to the west. Grids of rainfall from the NWS Stage IV product (http://www.emc.ncep.noaa.gov/mmb/ylin/pcpanl/ stage4/) are considered to be unbiased from 1996 to the present. This is an operational NWS rainfall product and comprises radar data adjusted by hourly raingauges with manual quality-control by forecasters. It should be noted that, while Stage IV rainfall has its own sources of errors due to some of the issues mentioned in Krajewski et al. (2010) , the same rainfall forcing is used for each flash-flood prediction method being compared. Thus, intercomparison of their results will yield valid information, since they are conditioned on the same forcing errors. We obtained this entire rainfall archive in addition to LFFG and GFFG values that were produced at the Arkansas-Red basin RFC in south-central USA from 1 September 2006 to 31 August 2008. This time period represents the maximum period of overlap at which Stage IV rainfall, LFFG and GFFG are available. Gourley et al. (2012) compared the skill of LFFG and GFFG using streamflow measurements on 15 gauged basins with catchment areas <260 km 2 and NWS-trained spotter reports of flash flooding for the same time period. Exceedences of observed flows over their 2-year return period were considered flash-flood forecasts. The association of bankfull flow conditions to return period flows depends on hydroclimatic regime. We chose to use the observed flows over their 2-year return period to define flash flooding primarily because this value was assumed in the NWS for runoff threshold derivation in the LFFG method as described in Carpenter et al. (1999) .
The results from contingency table statistics are summarized here as a function of the forecast variable, the QPE-to-guidance ratios (Fig. 1) . Forecasters within the NWS generally consider issuing a flash flood warning when a QPE-to-guidance ratio exceeds a value of 1. In this study, we consider ratios other than 1 in the situation that there may be bias present Critical Success Index (CSI) is computed for simulated return periods (primary abscissa) and for different ratios of exceedence of estimated rainfall over FFG and GFFG rainfall thresholds (secondary abscissa).
in the QPE, FFG or both products. For each exceedence, we evaluate the skill of each method to detect flooding in a binary (i.e. yes/no) sense. We report the CSI, which summarizes the overall skill as
where Hits are instances in which forecast events are correctly observed, Misses are observed events that were not forecast and False Alarms are forecast events that did not occur. Averaging rainfall within basins and comparing to LFFG values was found to improve their skill over their grid-point values in Gourley et al. (2012) . Hereafter, we will refer to the grid-point LFFG rainfall threshold values as "grid-point" and the basinaveraged values as "lumped". The best CSI of 0.34 according to USGS observations was with lumped 3-h LFFG at an exceedence ratio (i.e. QPE-to-LFFG) of 1.0, while the best performance of GFFG was 0.31 at 1-h duration when considering an exceedence ratio of 0.5. The skill of grid-point 3-h LFFG was 0.19 at an exceedence ratio of 1.0. The LFFG also outperformed GFFG according to NWS spotter reports, as shown in Fig. 1 . In this study, we supplement the results of Gourley et al. (2012) by including results from the DHM-TF approach discussed in Reed et al. (2007) .
To produce DHM-TF runoff thresholds, Stage IV rainfall was input to the HL-RDHM model at 4-km/1-h resolution for the calibration period January 1996-December 2002. Model parameters were fixed at their uncalibrated, a priori values using the GIS-based estimation procedure described in Koren et al. (2000) ; the calibration period is only used here to define the return period flows. No considerations were made for frozen precipitation or snowmelt contribution to runoff in the modelling process (the implications of this assumption are discussed later). Annual maximum flows were extracted from the simulations at each grid point and used to compute return period flows assuming a log-Pearson Type III distribution. The skill associated with each return period flow was computed using the same validation data sets as were used to evaluate LFFG and GFFG. In Fig. 1 , we can see that the best CSI of 0.39 occurs with DHM-TF at a return period of 2.2 years. Moreover, the DHM-TF is more skilful than the lumped LFFG for a wide range of return periods from 1.9 to 4.1 years. A similar conclusion regarding improved performance of DHM-TF relative to LFFG and GFFG is supported by the NWS-trained spotter reports of flash flooding. These improvements in DHM-TF skill motivated us to expand the observational data set beyond the period over which LFFG and GGFG are available and to evaluate the results in more detail.
SENSITIVITY OF DHM-TF RESULTS
Next, we considered USGS stations in basins with catchment areas <1000 km 2 within the Arkansas and Red river basins that had continuous streamflow records from January 2003 to September 2009. Figure 2 shows the locations of the 70 stations that satisfied the selection criteria. There is a grouping of stations in the western part of the domain with elevations ranging from 1534 to 3071 m a.s.l., while the other stations at elevations of <567 m are located to the east. Flash-flood events were defined when observed discharges exceeded their 2-year return periods in the validation period [2003] [2004] [2005] [2006] [2007] [2008] [2009] . The 2-year return period flow is considered herein as the threshold frequency associated with bankfull conditions. Forecasts of flash flooding from the DHM-TF method are defined when simulated flows exceeded their simulated 2-year return period flows. We also considered additional threshold frequencies, other than the nominal 2-year return period, that resulted in the best skill during the validation period. Once again, contingency table statistics were used to evaluate flash-flood predictability as a binary event, rather than the more challenging task of predicting peak flow magnitudes. Figure 3 shows the spatial behaviour of CSI for the 81-month validation period. There appears to be practically no skill in the western part of the domain, with only a single station having CSI > 0.2. There are additional problematic basins in the east where there is no skill using DHM-TF. These rather lacklustre results prompted us to evaluate the characteristics of the streamflow observations in more detail. The USGS maintains detailed data descriptions, including whether impacted by urbanization, diversions and regulations, all of which may influence the annual maximum discharge statistics. The first station highlighted in cyan in Fig. 3 was classified by the USGS as having regulated flows. The satellite imagery obtained from Google Maps TM for USGS Station no. 7179500 (an id number so no separation into 10s, 100s etc. needed) in Fig. 4(a) confirms the regulated nature of the flows. There is a major dam <1 km upstream, whose operation controls the runoff rather than rainfall. The DHM-TF simulations consider variable land cover and soil types, but the model computes runoff generation as a natural process forced by rainfall. Thus, it is not surprising that the model has no skill at this particular gauging location. There is little need for a flash-flood prediction system on this basin anyhow given the capability to control flows with the dam.
The second site highlighted in Fig. 3 , USGS no. 7144910 was also classified by the USGS as having regulated flows. However, the Google Maps TM imagery for this site (Fig. 4(b) ) shows only small ponds formed from local mining operations, rather than the presence of a major dam as in Fig. 4(a) . The impact of these mining pits on natural runoff from rainfall is expected to be insignificant, which also means this particular basin is prone to flash flooding. Our results indicate the DHM-TF method yielded a relatively skilful CSI of 0.48. These findings provide an indication that the DHM-TF error characteristics are sensible given the degree of control of discharge in specific basins. The third location denoted in Fig. 3 is centred on an urban setting in Tulsa, Oklahoma, where both USGS no. 7164600 and no. 7177650 were classified by the USGS as having part of their streamflow records possibly influenced by urban effects, including channelization. The aerial photography in Fig. 4 (c) confirms that the channel has been made trapezoidal with concrete. This channelization process will have a major impact on flow routing, which is a detail that was not present in HL-RDHM simulations. The routing procedure, which is dependent on a priori parameter estimates, did not contain information about low Manning's coefficients in smooth, trapezoidal channels. Moreover, the contributing area of this basin is only 31.6 km 2 , which means channel routing is largely occurring as a subgridscale process given the 4-km/1-h resolution of the model grid. As a result, there was no skill in simulating flash floods at this particular urban site. The other urban channel shown in Fig. 4(d) is more natural upstream of the streamgauge site, but has had some modifications performed to stabilize the riverbank with riprap downstream. The catchment area for this gauge is 21.2 km 2 and the CSI value was 0.32. Contrasting the DHM-TF performance between these two urban sites indicates details in urban basins, such as combined sewer overflows and channel hydraulic properties, the latter of which were assumed to be natural in the HL-RDHM model, have a major impact on the model skill and need to be taken into account.
The metadata for each USGS station were interrogated to determine the regulated nature of the flows and the potential impact on discharge due to urban effects. In addition, all stations with elevations >1534 m in the western part of the study domain were identified as having a significant contribution to runoff from snowmelt. Figure 5 shows the skill of the DHM-TF results plotted as a function of basin catchment size for the different basin classifications. The two horizontal black lines represent the best skill from grid point and lumped LFFG or GFFG rainfall thresholds considering all QPE-to-LFFG and QPE-to-GFFG ratios from Gourley et al. (2012) . Recall these benchmarks were computed from a considerably smaller sample size due to the lack of an extensive archive of the LFFG and GFFG products. Also, the benchmark values were computed for basin catchments <260 km 2 ; thus, the lines do not extend across the entire length of the abscissa.
The first noteworthy feature of Fig. 5 is the low skill of DHM-TF in all basins that had considerable contribution from snowmelt. This finding, albeit undesirable, is expected because there is no consideration of surface precipitation phase in the Stage IV precipitation product. Moreover, the HL-RDHM model was run with its snowmelt module deactivated. While most flash floods are rainfall-driven, the impact of frozen soils and rain-on-snow can be significant. Thus, future work should consider modelling flash floods in these snowmelt-dominated basins. The skill of DHM-TF in urban basins was less than that of the lumped LFFG benchmark. The worst skill occurred in the basin highlighted in Fig. 4(c) , which was the only urban basin identified as having a trapezoidal, concrete channel. Performance in the other urban basins with natural streams was only moderately skilful, with CSI values between the lumped and grid point LFFG benchmark, and decreased skill with decreasing catchment size.
Basins that were identified as having their discharge values affected by diversion or regulation had widely varying skill. As shown in the examples in Figs 3-4 , it was the degree of regulation that determined the skill of the DHM-TF method to predict flash floods. Large dams had a major impact on the control of flows and there was no skill with the DHM-TF method to predict flash flooding on these basins. It is unlikely, however, that these basins are particularly vulnerable to flash flooding due to the flood retention reservoirs. Skill was much better on basins that were deemed regulated but were found to have small ponds and mining pits with little impact on natural runoff generation.
The skill of DHM-TF on basins with unregulated, rainfall-driven runoff was better than their LFFG counterparts, with CSI values of 0.47 for exceedence over whichever return period flow that resulted in the best skill and 0.32 for the 2-year return period flow. The average skill of DHM-TF for these basins was 38% better than that of the LFFG benchmark, and the DHM-TF CSI values for exceeding the 2-year return period flow improved over grid-point LFFG by 68%. There is an indication that the DHM-TF skill decreases with smaller catchment size. The same finding was discussed in Carpenter and Georgakakos (2004) and Reed et al. (2007) , and was attributed primarily to model parametric and radar rainfall uncertainty. Another possible reason suggested here is the relatively coarse 4-km/1-h resolution of the distributed hydrological model and rainfall forcing relative to the basin scales. Flashflooding impacts can occur within minutes of the causative rainfall; thus, it is unlikely that hourly rainfall estimates are sufficient for capturing these quickresponding events.
It is unclear whether the decreasing skill trend noted with the urban basins is merely an extension of the same trend noted with the natural, unregulated basins, or if there are specific characteristics such as combined sewer overflows with urban basins beyond the aforementioned channel modifications that affect the predictability of flash floods. Studies of flash floods in urban zones have pointed to the need for including storm water management infrastructure in the modelling systems (Javier et al. 2007 ). Chen Observations from the first two stations were deemed as regulated by the USGS, whereas data for the third and fourth stations were noted to be impacted by urban effects. Fig. 4 . The USGS data records were interrogated and those having discharge influenced by snowmelt, urban effects or man-made diversions or dams are distinguished in this analysis (refer to legend). The open circles are for CSI values for runoff simulations that exceeded their 2-year return period flows, whereas the filled circles are for simulations that exceeded whichever runoff threshold that yielded the best skill. The two black horizontal lines correspond to the grid-point and lumped skill of the LFFG product found in Gourley et al. (2012) and discussed in Section 2.
et al. (2005) , for example, proposed a modelling system to account for combined sewer overflows and underground storages to more accurately simulate the catastrophic urban flooding that occurred in downtown Taipei from Typhoon Nari in 2001. Additional considerations in urban zones include impacts on floods depths and wave celerity caused by buildings (Abderrezzak et al. 2009 ). In addition to these urban structural considerations, future work should explore the impacts of model grid-cell resolution and the spatiotemporal variability of rainfall forcing in the predictability of flash floods, especially in urban environments.
SUMMARY AND RECOMMENDATIONS
This study provides a comprehensive evaluation and inter-comparison of tools that have been proposed or are presently used in operational agencies in the USA to predict flash flooding. The inversemodelling approach of deriving rainfall thresholds from hydrological simulations has been in operation for decades in the USA NWS and is the primary tool for decision making in flash-flood forecasting. This LFFG method, along with a newer gridded approach called GFFG, derive rainfall thresholds that will result in flooding by running hydrological models under multiple rainfall scenarios until bankfull conditions are reached at the basin outlet. Forecasters then monitor observed or forecast rainfall and consider issuing flash flood watches or warnings when these rainfall thresholds are reached or exceeded. The advent of high-resolution, radar-based rainfall estimates, their long-term archives, computational resources to run distributed hydrological models in real time, and GIS datasets to describe spatially-variable land cover and soil characteristics has led to a new forward-modelling approach to flash-flood prediction called DHM-TF. This method is similar to LFFG and GFFG in that it relies on static runoff thresholds to identify rare, flood-producing discharges, but it uses observed or forecast rainfall to directly force the hydrological model in real time. The runoff thresholds are computed by running the distributed hydrological model over a sufficiently long period of time for which an archive of gridded rainfall observations is available. The first objective of this study was to evaluate each approach using a common observational database and forcing dataset. While the Stage IV rainfall archive has its own set of uncertainties, it is used with all three methods; thus, each FFG approach is subjected to the same degree of rainfall uncertainty. The results are summarized as follows:
-the best overall skill, as measured by a CSI of 0.39, occurred with DHM-TF at a return period of 2.2 years on gauged basins <260 km 2 ; -DHM-TF was more skilful than LFFG and GFFG over a range of return period flows from 1.9 to 4.1 years; -LFFG was slightly more skilful than GFFG; and -independent reports of flash flooding from trained spotters confirm DHM-TF was more skilful than LFFG and GFFG.
These encouraging results regarding DHM-TF skill relative to operational tools motivated us to expand the observational database by increasing the number of study basins from 15 to 70 and lengthening the time period of evaluation from 24 to 81 months. The following points summarize the sensitivity of DHM-TF results on basins with different scales, hydroclimatological conditions, urbanization effects and flood controls.
-DHM-TF had no skill on basins that have a significant contribution to runoff from snowmelt; -regulation to natural flows, including dams and modifications to channels, reduced the skill of DHM-TF flash-flood forecasts; -the skill of DHM-TF forecasts was found to decrease at an approximate linear rate with decreasing basin area; -the mean CSI for DHM-TF with optimized warning thresholds was 0.47, representing a 38% improvement over its lumped LFFG benchmark; and -DHM-TF forecasts based on exceedence of simulated 2-year return period flows had a mean CSI of 0.32, which was 68% better than the grid-point LFFG benchmark.
Although DHM-TF generally outperformed the LFFG and GFFG methods, several shortcomings were found in this study that should guide future research. Specifically, surface precipitation phase should be taken into account using, for example, the USA National Severe Storms Laboratory's National Mosaic and Quantitative Precipitation Estimation (NMQ) product (http://nmq.ou.edu). There is a snowmelt module called Snow-17 available within the HL-RDHM modelling framework that can readily incorporate NMQ's surface precipitation phase to model the contribution to surface runoff from snowmelt. The performance of DHM-TF in small, urban basins needs improvement. There are channel routing parameters within HL-RDHM that can be modified to appropriately describe Manning coefficients that have been significantly altered due to channelization of natural streams. In addition, all studied urban drainages had catchments <46 km 2 , which meant basin-scale processes were modelled with less than four grid cells and forced with hourly rainfall estimates. Future work should evaluate the potential improvements to DHM-TF skill by refining the model grid-cell resolution and precipitation forcing to 1 km 2 and 5 min, which is more commensurate with flash flooding impacts, and consider coupling surface runoff processes with water management infrastructure to include combined sewer overflows.
Additional design features of flash-flood forecasting systems based on distributed hydrological models should consider improving the estimation of state variables by assimilating soil moisture, streamflow and remotely sensed inundation maps. Forcing to the model can be improved by incorporating satellite data in multi-sensor rainfall products where radar coverage is inadequate in mountainous terrain, and forecast lead-time will improve in conjunction with rapid-update storm-scale modelling efforts that include radar data assimilation. Uncertainty estimation of each modelling component (i.e. forcing, states, structure, observations) is paramount, and ensemble methods and derived products are recommended. Lastly, forecasts should consider a continuum of severity thresholds beyond the 2-year return period flow and, more importantly, should be targeted on the specificity of the anticipated flashflood impacts.
